Water quality evaluation is fundamental for water resources management. In this study, a water quality index (WQI) was constructed to evaluate water quality in an estuary region. First, principal component analysis and the Bartlett method were used to select more important water quality parameters from multivariables. Second, quality curves and weights of selected parameters were assigned, and then WQI scores were calculated. The WQI method was applied to the Eastern Pearl River Delta in China as a case study. Results showed that water quality in the upstream area and the coastal region was better than in the central delta, with an average WQI of 72, 55 and 14, respectively. Results further revealed that water quality in the coastal region was more variable (the standard variation of WQIs is near 20) due to more rapid changes in hydrologic features, while water quality in the inland area was more stable (the standard variation is around 10). Comparison between the WQI and fuzzy evaluation methods indicated the reliability of the WQI method. This WQI method can evaluate water quality in the estuarine delta area well, and statistical techniques used in this paper can be applied in different geographical areas considering their specific characteristics.
Introduction
Water quality evaluation is basic to water resources management and policy making (Wang et al., 2007; Abaurrea et al., 2011; Kong et al., 2014; Akhtar & Iqbal, 2017; Yang et al., 2018) . It is even more important nowadays because water resources managers are paying greater attention to the benefits of water environmental and ecological systems (Savenije & Van der Zaag, 2008; Gichuki et al., 2009; Buytaert et al., 2014; Friesen et al., 2017) . However, evaluation of water quality is complicated because water quality is impacted by natural processes as well as anthropogenic inputs (Singh et al., 2004; Kazi et al., 2009; Lobato et al., 2015) .
Water quality index (WQI) is a widely used method for water quality evaluation. WQI usually considers general water quality parameters, such as dissolved oxygen, pH, temperature, and total dissolved solids (Ott, 1978; Canter, 1985) . This was considered as a promising method, and has been constantly improved and developed. Dojlido et al. (1994) took both basic and additional parameters into consideration to get more accurate results of evaluation in special cases. Boyacioglu (2007) proposed a universal WQI to evaluate the quality of surface water used for drinking water supply. Lobato et al. (2015) constructed a novel WQI, considering the hydrological cycle, for the evaluation of water quality in reservoir areas. Bassi & Kumar (2017) applied WQI as a tool for wetland restoration. The calculation steps, such as parameter selection, assignment of weights, and aggregation of sub-indices to produce an overall index, are still being developed (Boyacioglu, 2007) .
Besides the traditional WQI approach, some new approaches have also been used in recent studies, such as statistical and stochastic approach, fuzzy set approach, and artificial intelligence (AI) approach.
Principal component analysis (PCA) is a well-known multivariate analysis technique employed to transfer samplings to another low dimension system that is more convenient for data analysis (Bro & Smilde, 2014) . With this method, multivariate problems can be reduced to a small number of indices. This method has been applied to several water quality assessment studies (Boyacioglu, 2006; Selle et al., 2013; Vonberg et al., 2014) . Partial least squares analysis (PLSA) is also a powerful statistical tool that requires fewer assumptions (Sawatsky et al., 2015) . PLSA is appropriate when there are more predictor variables than observations and multicollinearity problems are required to be taken into account among the predictor variables (Abdi & Williams, 2013; Liu et al., 2013) . It has the potential to be applied in water quality evaluation.
The fuzzy set method is another widely used method for water quality evaluation (Chang et al., 2001; Lu & Lo, 2002; Ghosh & Mujumdar, 2006) . It provides a logical reasoning to clarify water quality levels under consideration in that all water quality parameters may not be included in a single class. This method can take into consideration more qualitative evaluation aspects, because sophisticated statements can be translated from natural language into a mathematical formalism (McNeill et al., 1996) .
Artificial intelligence methods, such as artificial neural networks (ANNs) and genetic algorithm, have also been applied in some studies (Aguilera et al., 2001; Gentry et al., 2003; Schulze et al., 2005; Kuo et al., 2006) . However, even with numerous mature evaluation methods, some challenges still exist in water quality evaluation research. One of them is how to select the right water quality parameters in special regions or under particular requirements. Water quality evaluation is a very wide research range, and different parameters could be involved for certain research targets, such as eutrophication of lakes or reservoirs (Ignatiades et al., 1992; Parinet et al., 2004) , drinking water evaluation (Avvannavar & Shrihari, 2008; Haydar et al., 2016) , urban storm water quality evaluation (Vaze & Chiew, 2003) or heavy metals in mining or industrial areas (Prasad & Bose, 2001; Edet & Offiong, 2002) . These discrete studies chose different parameters to evaluate water quality. However, there is no common method to select the right parameters in unusual regions.
As a result, this paper proposed an improved WQI method to address this challenge. The proposed method aims to select the key water quality parameters from all redundant information based on both experiential and statistic methods. The key parameters are required to be sufficient to evaluate local water quality accurately, and also avoid invalid information. In this study, we want to introduce an acceptable method for water quality parameters' selection and water quality evaluation, and apply it to various regions or situations.
Case study area and data
The Eastern Pearl River Delta is located near Dongguan City, China, at a latitude of 22°45 0 -22°10 0 N and longitude of 113°30 0 -113°55 0 E. It is a triangular area embraced by two tributaries of the Eastern Pearl River, and the Shiziyang estuary, as shown in Figure 1 . Numerous rivers flow through this region, and cover an area of 63.7 km 2 , accounting for 24% of the whole delta. The average annual precipitation is 1,766 mm, 80% of which is concentrated in the rainy season (from April to September) . The northeast part of the delta is a major industrial and residential area; in the west part some undeveloped woodlands and grasslands remain. The international port Humen Port is located on the west coastline.
We chose this as a case study area because of its complicated hydrological environment and important location. The area is affected by tidal influence. Besides pollution sources from upstream and the riverine area, sources from Shiziyang estuary can also influence water quality. Moreover, it is a geometric centre of the Pearl River Delta urban agglomeration, and conjoins Guangzhou and Shenzhen City. As an important area, its sustainable development regarding the environmental and ecological system is a noted programme for the local government.
Eight water sampling stations, named A1, A2, A3, B1, C1, C2, C3 and C4, respectively, exist in the study area, as shown in Figure 1 . A1, A2 and A3 are upstream stations; B1 is located in the urban centre area; and C1, C2, C3 and C4 are coastal stations, where tidal influence is dominant and can be violent. A total of 196 water samples were collected from 2009 to 2012, and these are summarized in Table 1 . The samplings are carried out every month or every two months at the corresponding station. All detection results are supported by the official detection centre of Guangdong Province.
The following physico-chemical parameters were detected: temperature (T), pH, faecal coliforms (FC), electrical conductivity (EC), dissolved oxygen (DO), chemical oxygen demand (COD), 5 days' biological oxygen demand (BOD 5 ), ammonium (NH 4 -N), total phosphorus (TP), fluorides (F), cyanide, phenols, chromium VI, copper (Cu), zinc (Zn), lead (Pb), cadmium (Cd), mercury (Hg), arsenic, selenium, anionic, chloride (Cl), sulfates (SO 4 ) and nitrate (NO 3 ). The upstream discharge (Q) is also recorded at the same time as part of the hydrological measurements. The threshold values of different water quality classifications in the Chinese national standards are shown in Table 2 .
Methodology
The water quality evaluation method entails two steps. First, the important water quality parameters are chosen from the 25 parameters in order to reflect the specific characteristics of the study area. Factorial analysis, Bartlett method and experience-based judgement are used in parameter selection. Second, using the quality curves and weights of selected parameters, an integrated WQI score is constructed. These steps are now discussed.
Parameter selection
The experience-based judgement is exercised first. Some parameters may be inert, having tiny values and little fluctuation. These parameters are excluded, assuming that they would be inert under the local conditions as well. Table 3 shows the average values, the standard deviation (StD) and the coefficient of variation (CV) of all 25 water quality parameters. It can be seen that the underlined parameters are cyanide, phenols, chromium VI, Cu, Zn, Pb, Cd, Hg, arsenic and anionic. These parameters have very tiny average values and StD. Moreover, parameters with a larger CV, such as cyanide and Cu with a CV of 7.45 and 7.32, respectively, also fluctuate within a good quality range. Because their sum of mean and StD (0.012 and 0.09, respectively) are still lower than the threshold values of classification II (0.05 and 1.0, respectively, Table 2), they were considered inert, and were therefore removed from the data set.
Then, a PCA of the remaining parameters was done. PCA is a well-known multivariate analysis technique and was first proposed by Pearson (1901) . The method allows the identification of patterns in a data series and expressing them in such a way that the similarities and differences can be observed, reducing the dimensionality without losing too much information (Sauthier et al., 2018) . With the eigenvalues (A j , j is the sequence of components) and their eigenvectors (e ij , i is the sequence of parameters) of principal components, the loading matrix (a ij ) and the commonalities (S) of parameters are calculated by the following equations:
Results of PCA are shown in Table 4 , which shows that five principal components were selected, with a cumulative variance of 71%.
According to the Bartlett method, if the commonalities are larger than 0.5, the corresponding parameters are chosen for the WQI construction (Hair et al., 1998; Toledo & Nicolella, 2002) . In this step, EC and NO 3 with a commonality of 0.46 and 0.45, respectively, were removed. The remaining parameters, including temperature (T), pH, faecal coliforms (FC), dissolved oxygen (DO), chemical oxygen demand (COD), 5 days' biological oxygen demand (BOD 5 ), ammonium (NH 4 -N), total phosphorus (TP), fluorides (F), chloride (Cl), sulfates (SO 4 ) and upstream discharge (Q) were then selected. A new PCA of these parameters was done and one can see from Table 5 that all parameters passed the Bartlett test, indicating that they were the main parameters for explaining the water quality of the study area.
Construction of WQI
A general WQI formula was expressed as: where WQI is the water quality index in the range of 0-100; q i is the quality of the i-th parameter; m is the number of parameters selected to compose the index; and w i is the weight corresponding to the i-th parameter.
The categories of WQI (Lobato et al., 2015) results are shown in Table 6 . A higher value of WQI indicates better water quality. The index value from 0 to less than 20 represents poor quality, 20 to less than 37 bad quality, 37 to 51 acceptable quality, 52 to 79 good quality, and above excellent quality.
As Equation (3) shows, two key steps to yield WQI are calculating q i and w i , respectively. To calculate q i , the quality curve of every selected parameter was plotted, as shown in Figure 2 . For every parameter, the classifications of 'excellent, good, acceptable, bad and poor', respectively, correspond to 'I, II, III, IV, V' shown in Table 2 . The threshold values of different water quality classifications were plotted as a scatterplot first. A curve was then fitted as a water quality curve on the basis of such scatters. Moreover, the parameters of temperature and discharge are without standard threshold values in the Chinese national standards, so their quality curves were generated following Lobato et al. (2015) . Quality curves established the functional relationship between original data and q i , by which we can yield the q i scores.
The quantity w i is the weight corresponding to the i-th parameter, a number between 0 and 1, assigned according to its importance to the overall water quality status. The sum of weights w i equals 1 (Toledo & Nicolella, 2002) . The yield of w i requires the results from PCA, as Equation (4) shows:
where w i is the weight of the i-th WQI parameter; m is the number of selected parameters; and n is the number of principal components. A j is eigenvalue of j-th principal component (as Table 5 shows), a ij is the loading matrix as Equation (1) has shown.
Fuzzy method
In this study, the fuzzy method was used to yield results for comparison. The fuzzy method is well employed in water quality evaluation (Chang et al., 2001; Lu & Lo, 2002; Ghosh & Mujumdar, 2006; Lai et al., 2015) . To employ the method, a fuzzy evaluation matrix is obtained by membership function first (Sun et al., 2014) . As mentioned above, there are five different water quality levels. For each original data x i , its membership degree r to a certain level can be calculated by Equations (5)-(9):
where V j (j ¼ 1,2,3,4,5) is the threshold of water quality level. Applying x i to Equations (5)- (9), an evaluation matrix R shown as Equation (10) can be yielded. Along with weight vector, the comprehensive membership degree B is calculated by Equation (11) 
where W is the weight vector. In vector B, the final quality lever can be determined by maximum membership degree law (Xue & Yang, 2014) , which identifies the final quality level as where the maximum membership degree is located.
Results
In the case study area, initial data of 25 quality parameters were collected in every sampling. We removed 11 'inert' parameters by experience method (Table 3) , and removed another two parameters according to the Bartlett test (Table 4) . Applying the PCA method for the 12 reserved parameters, five major components, whose cumulative variance is 78.2%, were chosen (Table 5) . A weight vector and sub-scores for parameters were then calculated, employed by the PCA method and quality curves respectively. After that, the WQI scores were yielded.
The WQI scores are shown in Table 7 . The average scores of stations A1, A2 and A3 were 74, 71 and 73, respectively, which were all rated as 'good'. Station B1 was rated as 'poor', with an average WQI of 14. The average WQI scores of C1, C2, C3 and C4 stations were 48, 56, 52 and 58, respectively, which were categorized as 'acceptable' or 'good'.
The results of evaluation were consistent with empirical experience. A1, A2 and A3 stations are located upstream, where water resources discharged from the mountainous area are of good quality.
On the other hand, as shown in Figure 1 , the residential area has an efficient sewerage system and water protection is strict as the water works of Dongguan City are located near the area of A3. However, the B1 station is situated in the central urban area which is densely populated and suffers from serious anthropogenic pollution, with the result that water quality is very poor. Stations C1, C2, C3 and C4 are situated in a more natural area, where scattered agriculture is the main source of pollution and water quality is generally good. In particular, water quality of C1 is worse than that of C2, C3 and C4, as runoff here is from a more urban area and receives more pollution.
The standard deviation (StD) of WQI provided a further indication of water quality. The StD values of A1, A2, A3 and A4 were 10.2, 10.71, 10.24, 7.05, respectively, and those of stations C1, C2, C3 and C4 were, respectively, 24.41, 20.09, 17.32 and 15.58, which was higher than that of the former four stations. A higher StD value meant the sampling evaluation results were more unstable, which is illustrated in Figure 3 , in which the WQI scores of C1, C2, C3 and C4 are located in almost every quality level, while scores of other stations are more concentrated in one or two quality levels.
The dispersive WQI scores of stations C1, C2, C3 and C4 can be explained by noting that these four stations are coastal, where hydrological conditions are highly influenced by tides. The water quality of the area is not only influenced by local water runoff but also by the round-trip runoff from Shiziyang Channel and discharge from Guangzhou City and the South China Sea. In contrast, stations A1, A2, A3 and B1 are inland, where hydrological conditions are much more stable and have a more consistent WQI.
To further demonstrate the WQI method, a fuzzy evaluation method was applied for comparison. Numerical results, translated into quality level, are shown in Figure 4 . It can be seen that the results of the two different methods were more consistent in inland stations, and less similar for stations located offshore. For example, for station B1, the two methods had exactly the same evaluation results for all 17 samples. Stations A1, A2 and A3 had the same results in, respectively, 31%, 50% and 61% of the samples, and for above 85%, 94% and 94% of the samples the results were within a difference of less than one level (Table 8) . However, for the C1, C2, C3 and C4 stations, the differences between the two methods were larger. Taking C2 as an example, only 11% of samples' water quality levels are the same, and 58% of samples' differences are more than one level. Further, evaluation results of the fuzzy method were worse than the results of WQI. For station C2, for example, there was only one sample evaluated as 'terrible' by WQI, while there were eight samples evaluated in this way by the fuzzy method.
The consistent results obtained for inland stations were mainly because their water quality status was stable. Taking B1 as an example, water quality here was recognized as terrible, caused by perennial pollution. Many quality parameters badly exceeded the state standard. Therefore, it was easier to get a consistent water quality evaluation result. In contrast, water quality at offshore stations was more uncertain and hence less consistent results at these stations were expected.
However, the WQI method generated more considerate evaluation results, because it not only indicated the fluctuating status in these areas, but also illustrated the relative state among stations. For example, one can see from Figure 4 that with the fuzzy method, the evaluation of water quality of C1 was in general better than of C2 (with nine 'poor' or 'terrible' samplings of C1 and 11 'poor' or 'terrible' samplings of C2), while by WQI, the quality at C1 was worse (with four 'poor' or 'terrible' samplings of C1 and two 'poor' or 'terrible' samplings of C2). The latter was a more acceptable result. C1 had a worse water quality as its discharge had gone through the whole urban area and carried more pollution, while C2 was expected to have better water quality because its upstream area was almost a natural area and encountered less pollution sources.
Discussion
In this study, an improved WQI method was proposed. WQI is widely used in water quality evaluation. However, compared with the traditional WQI method, the proposed method has significant improvement, especially in the step of selecting parameters. As Canter (1985) expressed, the traditional WQI takes into consideration dissolved oxygen, faecal coliforms, pH, biochemical oxygen demand, nitrates, phosphates, temperature, turbidity, and total solids. However, the proposed WQI did not apply this mechanically. We proposed to select parameters according to the local natural and social situation. As a result, 12 quality parameters from 25 parameters were selected in the case study area. COD, NH 4 -N, F, Cl, SO 4 and the upstream discharge were added in the integrated WQI. NO 3 was excluded (turbidity and total solids were not recorded in the original data set). This means that COD, NH 4 -N, F, Cl, SO 4 and upstream discharges were more variable factors than NO 3 to influence water quality in the study area. Choosing important water quality parameters can eliminate the influence of unimportant parameters and hence yields more accurate evaluation results.
Moreover, a comparison between the proposed WQI method and fuzzy method were also present in this study. The fuzzy method is also a popular method employed in water quality evaluation (Chang et al., 2001; Lu & Lo, 2002; Ghosh & Mujumdar, 2006) . We have illustrated that both methods evaluated the water quality well and the proposed WQI method even got better results. Moreover, beyond the results, the improved WQI has two more advantages. The first is the yield of sub-score. WQI generates the sub-score (q i in Equation (3)) by quality curves, while the fuzzy method uses linear relationship (as Equations (5)- (9) show). A nonlinear relationship is more suitable for some quality parameters, such as pH and FC. The second is the determination of parameters' weights. In the proposed WQI method, once the parameters are selected from PCA, their weights are also assigned at the same time and the relative importance of each parameter is thus assessed (as Equation (4) shows). It is thus more objective when doing water quality evaluation and comparing the results of different methods. A potential problem existing in the method is from the 'inert' parameters. They are removed from the considered list at the first step because of their tiny and safe value. However, the value could produce explosive growth if an emergency happened. As a result, the proposed method is more workable in normal situations than emergencies. Another question concerns the removed parameters in PCA. From a regular point of view, EC and NO 3 are critical parameters in water quality evaluation. However, in this study, the two parameters did not pass the statistical test and were removed. Without the parameters, we still got good evaluation results; however, the inner mechanism of the statistical test results has not been researched, which is worthy of further study.
Conclusion
Considering the different regional features of water quality evaluation, a WQI method is proposed in which principal component analysis is used to select more important water quality parameters, and each parameter is assigned a weight reflecting its relative important. Evaluation scores of individual parameters are calculated by fitting a water quality curve for every selected parameter. Corresponding with the individual score and the weight, an integrated WQI score is computed, which is applied to the Eastern Pearl River Delta as a case study area. A fuzzy method is also applied for comparison. The proposed method selected 12 key parameters from all parameters, with which the WQI scores were calculated. The results show the upstream region, the central delta and the coastal region have an average WQI of 72, 55 and 14, respectively. Evaluation results reflect the specific quality features of different sampling stations. Comparison with the fuzzy method further improves the validation of the proposed WQI. The method is well-behaved as it has the ability to select specific parameters according to their hydrological and social characteristics, and yields accurate evaluation results, and thus has enormous potential to be applied to different regions.
